A new approach towards automating the interpretation of geological structures like horizons or faults in reflection seismic data images is presented. Horizons are strong reflection events which indicate boundaries between rock formations while faults are discrete fractures across which there is measurable displacement of rock layering. Horizon tracking across faults and thereby determining geologically valid correlations is an important but time consuming task although it has still not been automated satisfactorily. The difficulties of matching horizon segments across faults are due to those types of images which contain only a small amount of local information, furthermore partially disturbed by vague or noisy signals. In this paper we describe a model-based approach which reduces these uncertainties by introducing global features based on geological constraints. Two optimisation methods have been examined: an exhaustive search algorithm which reliably delivers the optimal solution presuming correctness of the model and a more practicable strategy; viz, a genetic algorithm. Both methods successfully matched all selected horizons across normal faults in typical seismic data images.
INTRODUCTION
Reflection seismic data images consist of adjacent time series indicating the arrival of artificially created sound waves reflected from interfaces between rock formations with differing physical properties. By analysing these traces, hypotheses about the underground structure can be developed which should merge into a consistent subsurface model. All decisions in hydrocarbon exploration and production are underpinned by those models obtained by structural interpretation of seismic images. Since drilling wells is very costly, as much information as possible should be derived from the seismic data to form an opinion about the probability of encountering petroleum in the structures.
1 Nevertheless, it is not possible to reliably determine whether an interpretation has been correct unless it has been verified by drilling. However, minimum standards for a correct interpretation could be defined: First, the interpretation has to be internally consistent with all of the data available; second, it has to be geologically reasonable; and third it has to be repeatable within the limits of the data. 2 While repeatable results are an advantage of automatically generated results, the main challenge is to establish a model which induces geologically reasonable solutions.
Structural interpretation may be thought of as consisting of the following tasks: Localisation and interpretation of faults, tracking of uninterrupted horizon segments and correlating these segments across faults. Strong reflection events visible in seismic images are called horizons and indicate boundaries between rock formations or strata. Faults are discrete fractures across which there is measurable displacement of strata. This vertical displacement is called fault throw. Modern commercial interpretation software packages offer assistance for the interpretation of horizons and fault surfaces.
The most commonly employed technique for horizon tracking is the so called autotracking or autopicking. 3 These algorithms require manually selected seed points as initial control for the autotracking operation. A similar feature is searched on a neighbouring trace; if it has been found within specified constraints, the tracker moves on to the next trace. Autotrackers are either feature based or correlation based. While the first class simply searches for a similar configuration of samples, the latter includes the neighbourhood of the trace and is therefore more robust and less sensitive to noise. The main disadvantage of autotracking algorithms is that they are unable to track horizons across discontinuities. Whenever any of the search criteria are not met, the autotracker stops at that trace.
Computer-aided interpretation of fault surfaces is significantly less advanced than horizon interpretation.
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Coherence measures are applied to seismic data for imaging geological discontinuities like faults or stratigraphic features. These coherence algorithms are based for example on cross correlation, 4 semblance 5 or the eigenstructure of the data covariance matrix.
6 However, they produce only potential fault pixels, but do not generate the actual fault lines or surfaces. There exist methods for fault autotracking which use the same basic approach as horizon trackers, but with limited success.
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The automatic methods described above have in common that they are based only on local features. On the other hand, the actual interpretation of fault surfaces and the correlation or tracking of horizons across faults are still done manually and therefore highly subjective and time-consuming. The difficulties of automating those tasks are due to the seismic images which contain only a small amount of local information, furthermore partially disturbed by vague or noisy signals. Therefore, more sophisticated methods have to be developed which impose geological and geometrical knowledge in order to reduce the interpretation uncertainties.
Previous attempts to solve the problem of correlating horizons across faults have been based on artificial neural networks 8, 9 ; however, these solutions use only similarities of the seismic patterns.
In this paper we describe a model-based approach to automatically correlate several horizons simultaneously across discontinuities to find a global, geologically realistic solution. We formulate this task as an activity of searching for an optimum combination of all major horizons across a fault being constrained by geological criteria. We first develop our geological model in chapter 2, before we describe the practical implementation in chapter 3. Two different algorithms are discussed; an exhaustive search strategy as well as a genetic algorithm. Results are then shown in chapter 4 followed by our conclusions in chapter 5.
SOLUTION MODELLING
The problem of correlating horizons across faults may be subdivided into two levels. At the first level, pairs consisting of one horizon from each side of the fault are formed. At the second level, these single pairs are combined to a global, geologically valid match over the complete area of interest. The number of pairs contained in a combination does in principle not influence the result. This means that a combination which contains fewer pairs than another does not necessarily have a minor probability to be correct. We introduce a-priori knowledge at each level in the following manner: • Expected sign of fault throw (constraint 5)
• Behaviour of fault throw variation (constraint 6) These constraints are described in detail in the following.
First Level: Single Horizon-Pairs
At the first level, we consider mainly local attributes of the horizons which are able to express the similarity between horizon segments on either side of the fault. Since any individual seismic reflection is defined only by its amplitude, polarity and wavelength, it is insufficiently distinct to be correlatable on its own. Reflector sequences are compared instead, for they are distinguished by characteristic patterns which can usually be found on either side of the fault.
We compare reflector sequences to correlate horizon segments by calculating their cross correlation coefficient (CC). Additionally, we constrain the matching to horizon segments which have the same polarity and do not exceed a certain amount of vertical displacement or fault throw.
Constraint 1: Cross-correlation coefficient
We calculate CC for each horizon-pair by using the average amplitude or grey value of three pixels in horizon direction over a neighbourhood of twenty pixels above and below the particular horizon. Since the strata of different sides of a fault may be unequally compressed, CC is also calculated for stepwise scaled functions of one side within a range of ±8 pixels. The maximum is then chosen among the diverse CC-values. We define the similarity S l,r of two horizons l and r as their maximum CC.
Constraint 2: Polarity
The second constraint concerns the polarity of horizons. Polarity can be illustrated by regarding the original seismic trace * which shows positive or negative amplitudes representing boundaries of strata with different physical properties, depending on their sequence. Since generally the sequence of horizons remains constant on either side of a fault, the sign of the amplitude must be equal for corresponding horizon segments.
Constraint 3: Maximum fault throw
The third constraint follows the investigated relationship between fault length L and the maximum vertical displacement of the horizons or the maximum fault throw D:
The examination of thousands of faults reported in 10 showed
to be the best-fitting relationship, independent of the properties of the material and scale. We adopted this rough estimate for our model to constrain horizon segment matches to those, whose displacement values do not exceed D.
Second Level: Combining Horizon-Pairs
The combination of horizon-pairs to form a global horizon match across a fault requires additional knowledge. The optimisation criteria should not only be based on the local similarity values of the single pairs but consider the geometrical (constraint 4) and geological (constraint 5 and 6) relations which are caused by joining horizonpairs to combinations. The fifth and the sixth constraint are derived from the characteristics of a typical fault throw function: The fault throw will increase from zero at the upper end of the fault plane to a maximum in the central portion of the fault and then decrease to zero at the lower limit of the fault plane 11 as shown in Figure 2 . * A seismic trace is represented by one column in the seismic images.
Constraint 4: Horizons must not cross
The fourth constraint we consider is a simple geometrical one: horizons within a scene must not cross ( Figure 1 ). 
Constraint 5: sign of fault throw
The sign or direction of the fault throw can be calculated by considering the fault type: faults may be classified according to the direction of displacement of the blocks of strata on either side of the fault plane. The most common fault types are normal and reverse faults which have a displacement in a vertical sense. While the fault plane of a normal fault is vertical or dips towards the downthrown side of a fault, the fault plane of a reverse fault dips in the opposite sense, i. e. towards the upthrown side. 10 The occurrence of these fault classes is not arbitrary but can be ascribed to the forces which had influenced the area being studied. Therefore, certain assumptions about the fault class and therewith the expected sign can be made. In addition to this, changes of the sign within a combination indicate very unlikely solutions. 
Constraint 6: Behaviour of fault throw
Constraint six is employed to assess the behaviour of the fault throw within a global horizon combination. Only those combinations whose fault throw function shows not more than one maximum represent probable solutions. We determine the number of zero crossings of the first derivation of the fault throw functions which arise from the combinations of horizon-pairs. Accepted are only those combinations whose throw function shows either one ore no zero crossing since functions with a higher number indicate either a mismatch of horizons or converging faults. 
IMPLEMENTATION
We examined two optimisation methods for finding a geologically valid solution. First, we implemented an exhaustive search algorithm which reliably delivers the optimal solution presuming correctness of the model. Therefore, this approach is suitable to serve as a validation method. Since for an increasing number of horizons the exhaustive search approach is not practicable, we examined stochastic methods to solve the optimisation problem. We found a genetic algorithm to be an appropriate method to represent our problem.
Input Data
The horizon segments which we use as input for our algorithms are skeletons of strong reflections. The skeletal pixels can be considered to be the medial axis of the reflections. We use a classical thinning algorithm for bi-level images. The seismic image is converted into two binary images by a using a threshold to obtain the strong positive respectively the strong negative amplitudes.
Since these operations occasionally converge horizon segments across faults which do not belong together (Figure 3(a) ), we use the output of a fault highlighter (Figure 3(b) ) to separate them again. Fault lines are generated by defining manually the region of interest in the discontinuity image and generating a fault line by interpolation of the presumed fault pixels (Figure 3(c) ).
Horizon segments are then assigned either to the class "left" or the class "right" segments and cut at the same distance to the interpolated fault line in order to objectify the fault throw calculation. The user has the possibility to decide which of the generated horizon segments he wants to use for correlation.
An advantage of this method is, that no seed points are required as initial step for the horizon tracking.
Exhaustive Search Algorithm
The basic steps of our exhaustive search method are as follows:
1. estimating the single similarity of all possible horizon-pairs; 2. calculating the total similarity of each global correlation; and 3. the application of geological constraints to find the optimal solution.
After having calculated the single similarity of all horizon-pairs in step (1), these pairs are connected and the total similarity for each possible combination is calculated from the similarity values of the single horizon-pairs in step (2) . The results are then used in step (3) in an evaluation cycle, which applies constraints 2, 3, 5 and 6 to find the optimum combination of horizon-pairs. According to our model, this means the solution with the highest total similarity which fulfills all geological constraints.
Feature Extraction and Similarity Function
We define the single similarity S l,r of two horizons l and r as their cross correlation coefficient. S l,r is calculated for every possible pair of left and right horizons as described in 2.1.1.
Global Matching of Horizon-Pairs
Based on the similarity S l,r for every single horizon-pair, the total similarity T S i for each possible combination i of horizon-pairs is calculated in this step.
Horizon-pairs are combined by building a solution-tree wherein each possible horizon-pair combination is represented by one branch (Figure 4) . However, the number of solutions is reduced by following constraint 4. The branches consist of nodes containing the horizon-pair and its similarity. Every branch or combination contains the maximum possible number of matched horizons. To further restrict the number of branches, subsets † of combinations are not represented in the tree but embraced in the geological evaluation cycle. Considering these scenes is essential in order to avoid forcing non-matching horizons to be matched.
Albeit a geologically valid solution may contain less horizon pairs than the maximum number of possible matches, it has to be considered that the reliability of the global match decreases with a decreasing number of horizon-pairs. We thus calculate the total similarity of a combination C i consisting of a number n of horizon-pairs
and select a combination C i as a preliminary solution if its total similarity is maximum.
Summing the squares of S l,r instead of S l,r itself leads to a better assessment of a combination consisting e. g. of horizon-pairs with a high value of S l,r and one outlier than a scene with the same average value but less horizon-pairs with high S-values. This is required since the elimination of a weak horizon-pair from a combination may lead to a geologically correct solution.
Consistency check cycle
The combinations are ordered by their similarity values where the combination of maximum similarity has the index 1. This order based on local criteria is then examined geologically in a consistency check cycle.
The cycle starts with combination 1 and tests stepwise if the solution follows geological constraints. An inconsistent solution is at first tested whether the solution is geologically possible after removing the horizonpairs which caused the inconsistency. Should this lead to a consistent solution for the regenerated combination i, T S i has to be recalculated and then compared with T S i+1 of the next best combination i + 1. In case of still higher T S i , the cycle continues with the next criteria, otherwise the cycle starts again by choosing combination i + 1. The regenerated combination is then included in the set of possible solutions. If the number of remaining horizon-pairs within a combination reaches two, no further pair can be excluded and combination i + 1 is chosen.
The cycle terminates either after having found the combination of highest total similarity which fulfills all geological constraints or after testing all combinations without finding a geologically reasonable solution. 
Genetic Algorithm to Correlate Horizons
The computational cost of an exhaustive search strategy are inadmissibly large. Hence, we examined stochastic methods to find the optimum horizon combination. We found a genetic algorithm to be an appropriate strategy for our problem since, compared with other heuristic methods like neural networks, it is more straightforward to precisely define the evaluation criteria. Another advantage is, that the search space does neither have to be connected nor compact.
The basic principles of Genetic Algorithms (GA) as a directed random search technique were invented by Holland.
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Thereafter, a series of literature became available, [13] [14] [15] followed by a large number of practical applications in different fields [16] [17] [18] as well as reports focusing the underlying theoretical principles.
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In GA, a population of individuals represents potential solutions to a problem. The solution is characterised by the chromosomes which form the individual. A fitness function decides on the development of the population.
Solution Representation
An individual is represented by an integer string. While the index l of an integer within the string represents the left horizon number, its allocated value r(l) indicates the right horizon number. If a left horizon has no counterpart, the value −1 is assigned.
Fitness Function
The fitness of a string is characterised by the combination of the sum of the local similarity of its chromosomes and its global consistency.
Albeit a geologically valid solution may contain less horizon pairs than the maximal number of possible matches, it has to be considered that the reliability of the global match decreases with a decreasing number of horizon-pairs. This is reflected in our definition of the fitness function by favouring combinations consisting of a greater number of horizons. We thus calculate the fitness T S i of a string C i consisting of a number n of chromosomes, i. e. horizon-pairs (l, r(l) ∈ C i ) from
P 1 denotes a discount score with a fixed amount when constraint 5 is not fulfilled, and P 2 denotes a discount score with the same amount when an individual contradicts with constraint 6.
Initial Population
The initial population is created by randomly building combinations of horizon-pairs. However, we restrict the search space by applying constraints. First, the set of horizon-pairs is reduced by excluding those which do not follow constraint 2 and constraint 3. Second, we avoid the generation of combinations within which horizon-pairs cross (constraint 4). This is achieved by restricting the random search in every step to the resulting possible horizon-pairs.
Selection Operator
As selection scheme, we adopted the usual roulette wheel procedure to pick r parents on the basis of their fitness. 13 Then (I − r) distinct individuals are taken to survive unchanged into the next generation. I denotes the number of individuals in a generation. The remaining r individuals which are not selected as survivors will be automatically replaced by the r offspring produced in the breeding phase.
Crossover Operator
Offspring strings are generated by choosing two parent strings, randomly selecting a single crossing location and exchanging the substrings bounded by that crossing location. Before evaluating the fitness of a new solution obtained by crossover, its geometrical validity is verified and, as the case may be, discarded. 
Mutation Operator
A classical mutation strategy which changes randomly chromosomes would generate an unreasonably high rate of combinations which are invalid regarding the constraint of non-crossing horizons. Thus, we use a revised strategy which repeatedly produces mutations for a chromosome until constraint 4 is satisfied. A new horizon is generated by rounding a uniformly distributed random number in the range from −1 to the maximum number of horizons.
RESULTS
Horizon tracking across discontinuities requires additional geological constraints to be successful because of the small amount of low-level image information.
We tested both methods using horizons at several faults along 2D sections in a 3D seismic data set. Figure 5 and 6 show results from three different examples of normal faults across which the displayed horizons have been correlated by our exhaustive search algorithm. The correctness of the correlations has been verified by comparing them to those chosen by geological experts. The algorithm has been successful in each of the cases which have been tested but this is also due to the fact that the geological structure in the data set is common but relatively simple. In more complicated structures it is expected that the consistency check does not use sufficient knowledge for a correct selection.
The GA parameters were chosen in initial, non-exhaustive experiments. An appropriate mutation rate was observed to be 0.05. We increased the population size I proportional to the product of left and right horizons since the number of horizons influences the probability that the optimal solution is contained in the initial population. 80% of the population is replaced at each iteration step. Instead of using a fixed number of generations, we terminate the process if there are no further improvements over a specific number of generations.
The application of the genetic algorithm has been successful in 2 from the 3 test cases shown above. Figure 6(b) shows the third case where the genetic algorithm has found only a near optimum solution containing one geologically incorrect correlation. The reason for this may be an insufficient consideration of fault throw behaviour.
CONCLUSIONS
The exhaustive search strategy has proven to be an adequate method to correlate horizons across faults. The results indicate the suitability of the underlying model. Strategies were applied which follow analysis techniques commonly used by experts in seismic interpretation.
However, we showed that the number of combinations increases exponentially with the number of horizons. Therefore, the exhaustive search strategy is not practicable if the number of horizon segments on either side of the fault exceeds 12. This led us to the examination of stochastic methods among which we found a genetic algorithm to be an appropriate search strategy.
The results presented above confirm the applicability of a genetic algorithm to our problem in principle. Nevertheless, the parametrisation as well as the solution representation and the fitness function have to be further examined to enhance the reliability of the genetic algorithm.
Further developments will concern improvements of the geological constraints as well as the investigation of additional constraints. The method will also be tested on other data sets and on different fault classes. We expect these improvements to lead to a much broader application and extend its use to the analysis of quite disparate data sets.
